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Abstract. Deep reinforcement learning is a machine learning method that combines
deep learning and reinforcement learning. Deep Q-Network (DQN) is one of the typical
methods of deep reinforcement learning. DQN uses Convolutional Neural Network (CNN)
which can extract features from the input images. We have applied DQN method to the
robot navigation problem. The values of hyper-parameters including the network structure
of DQN have been determined empirically. In this study, we attempt to optimize the val-
ues of hyper-parameters of deep reinforcement learning by using Bayesian optimization.
We realized to optimize the values of hyper-parameters including the network structure of
DQN by Optuna, a framework of Bayesian optimization. We confirmed that the values
of hyper-parameters obtained by Optuna have higher learning performance than those by
empirical method.
Keywords: Deep reinforcement learning, Deep Q-Network (DQN), Bayesian optimiza-
tion, Tree-structured Parzen Estimator (TPE), Optuna, Mobile robot, Behavior acqui-
sition

1. Introduction. Deep reinforcement learning offers new promise for solving complex
control tasks using visual information. Developments of Deep Q-Network (DQN) [1] which
is superior to human experts in several video games and AlphaGo [2] which won a hu-
man champion had strong impact on all over the world. Deep reinforcement learning has
remarkable features to directly learn the action policy from the high-dimensional image
data by using Convolutional Neural Network (CNN) [3].

In addition, we have already realized that the mobile robot learns to acquire behaviors
to reach the goal area avoiding the wall and obstacles with probability of 97.5% in the
simulation environment by using DQN-based method [4]. The network structure of the
DQN is shown in Figure 1. This network is structured to extract features from camera
information using CNN, append 12 units of distance information to the flattened units,
and select actions through fully connected layers. The hyper-parameters of this network
were empirically determined in our previous research. Here, the hyper-parameters refer
to the parameters necessary to be set their values in advance, such as the learning rate,
the batch size, and the kind of optimization algorithm used in neural networks.

In this research, we attempt to efficiently optimize the network structure and the val-
ues of hyper-parameters of DQN by using Bayesian optimization, for the robot navigation
problem to acquire the behaviors to reach the goal area using an ROS-compatible mobile
robot equipped with LiDAR and camera. As a result, we realized to optimize the values
of hyper-parameters including the network structure of DQN by Optuna, a framework
of Bayesian optimization. We found that when using the hyper-parameter values opti-
mized by Optuna, the robot reached the goal area more frequently and with fewer actions
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Figure 1. DQN network structure determined empirically

compared to when using values optimized by empirical methods. This confirms that the
hyper-parameter values optimized by Optuna exhibit higher learning performance.
The paper is organized as follows. Chapter 2 reviews several related works. Chapter 3

provides an explanation of the DQN method and its improvements as applied to robots.
Chapter 4 explains parameter optimization using Bayesian optimization. In this study, we
utilize the Tree-structured Parzen Estimator (TPE) algorithm, which is one of the tech-
niques in Bayesian optimization. Chapter 5 presents an overview of the features of the
TurtleBot3 Burger, the mobile robot under study. Chapter 6 offers a detailed description
of the problem setting. This includes defining the problem environment, specifying the
definitions of state, action, and reward spaces, and discussing the restart method for cases
involving collisions with walls or obstacles. Additionally, information about the optimiza-
tion targets for Bayesian optimization is provided. Chapter 7 outlines the experimental
methods and presents the results. We showcase experiments involving the optimization of
hyper-parameters using Bayesian optimization and provide a comparison with parameters
optimized empirically. In Chapter 8, we conclude the paper and offer insights into future
research directions.

2. Related Works. Kageyama et al. [5] developed a method for detecting obstacles in
front of a train using deep learning and a camera to prevent collisions with obstacles on
the rails. They further demonstrated that the addition of LiDAR information improved
the performance of the detection. Furthermore, the ROS-compatible mobile robot, Turtle-
bot2, equipped with LiDAR, autonomously learns to avoid collisions with walls using deep
reinforcement learning in an indoor environment by utilizing LiDAR’s distance informa-
tion [6].
Ekundayo [7] demonstrated that, in the problem of predicting household electricity

consumption, they optimized parameters of advanced CNN methods using Optuna and
achieved the best performance compared to several other methods. Uemura et al. [8] are
developing a walking navigation system that can automatically detect stairs and steps to
inform individuals with visual impairments. As part of this effort, they have utilized a
Convolutional Neural Network (CNN) trained on indoor camera data to recognize stairs.
The parameters of the CNN have been optimized using Optuna for maximum efficiency.
Furthermore, Takaoka et al. [9] demonstrated the optimization of parameters used in
advanced reinforcement learning methods with Optuna and applied action learning in a
grid world environment.

3. Method.

3.1. Deep Q-Network (DQN). DQN uses the Q-learning method [10] which is one
of the most widely-used reinforcement learning methods and also uses CNN in order
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to approximate the action-value function. The action-value function is shown by the
following equation:

Qπ(s, a) = Eπ

[
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st = s, at = a

]
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where π denotes the policy π = P (a|s), rt is reward at time step t, γ is discount rate,
st represents the state of the environment at time step t, and at represents the action
chosen by the agent in a given state st. Eπ denotes the expectation following policy π,
representing the expected future rewards for (st, at).

DQN uses the method called experience replay. In order to perform experience replay,
the agent’s experiences et = (st, at, rt, st+1) at each time step t are stored in the data
set D = {e1, . . . , et}. The data set D is also called replay memory. During learning, we
apply Q-learning update rule on samples of experience (sj, aj , rj, sj+1) drawn uniformly
at random from the data set D.

The Q-learning update at iteration i uses the following Huber loss function:
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in which r is the reward, γ is the discount factor, θi are the network parameters of the
learning network Q at iteration i, and θ−i are the network parameters of the target network

Q̂ which is used to compute the target yj = r + γmaxa′ Q̂
(

s′, a′; θ−i
)

at iteration i.
After the learning of action-value function based on this approach during C steps, the

target network parameters θ− are updated.

3.2. Improved method of DQN. We use an improved method of DQN, which incor-
porates two algorithms: Double DQN and Multi-step Learning, into DQN to improve
the learning performance. Double DQN (DDQN) is a combination of DQN and Double
Q-learning, which uses two networks in order to stabilize the learning performance dur-
ing the update of the action-value function Q(s, a). Multi-step Learning is an algorithm
which improves the accuracy of action value estimation by learning from N -step rewards
and action values at N -steps ahead. In this case, TD error δi(θi) at state sj is computed
by the following equation:

δi(θi) =

N−1
∑

n=0

γnrj+n + γN max
a′∈A

Q
(

sj+N , a
′; θ−i

)

−Q(sj , aj ; θi) (4)

4. Parameter Optimization Using Bayesian Optimization. Bayesian optimization
is one of the promising methods in design of experiments for optimizing experimental
parameters. In this research, we apply the Bayesian optimization framework Optuna [11]
in order to optimize the network structure of DQN and the values of hyper-parameters.

Optuna is a method of design of experiments and it uses the TPE (Tree-structured
Parzen Estimator) algorithm for Bayesian optimization. The principle of TPE is as fol-
lows. By applying Bayes’ theorem to each distribution of parameter values that produced
good results (the upper group) and those that produced bad results (the lower group),
we can derive the parameter values which maximize the expected value of the evaluation
function.

The behavior learning using DQN-based method is then performed using these derived
parameter values as shown in Figure 2. After the behavior learning, the parameter val-
ues are updated to maximize the expected value of the evaluation function. Then the
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(a) Division into two groups based on evaluation
function value (minimization problem)

(b) Probability density

Figure 2. Principle of TPE in Bayesian optimization

behavior learning process is performed again using these updated parameter values. By
repeating this process, Optuna can efficiently find the optimal parameter values. Grid
search, which involves exploring all possible combinations of parameter values, is compu-
tationally expensive and time-consuming, whereas Bayesian optimization method Optuna
can discover good parameter values in shorter amount of time.

5. TurtleBot3 Burger Robot. In this research, we use the ROBOTIS TurtleBot3
Burger robot [12] shown in Figure 3 as a mobile robot. TurtleBot3 Burger robot is a
commercially available two-wheeled mobile robot which is equipped with LiDAR sensor
and Raspberry Pi small computer. It is easy to install ROS (Robot Operating System)
software. The size of TurtleBot3 Burger robot is 138× 178× 192 [mm] and its weight is
1 [kg].
LiDAR is a 2D laser scanner which is capable of distance measurement in 360 [deg]

around the device. TurtleBot3 Burger has ROBOTIS LDS-01 as LiDAR on the top of
the robot as shown in Figure 3. The measuring range of LDS-01 is from 0.12 [m] to 3.5
[m] and its angle resolution is 1 [deg].

Figure 3. TurtleBot3 Burger
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ROS (Robot Operating System) is one of the major open-source softwares for robot
development. ROS provides a framework of data communication between the programs
by distributed processing system. Moreover, it provides many kinds of software libraries
and tools for robot development. By using ROS, it is possible to reduce the development
time and cost to develop the robot software.

6. Problem Setting.

6.1. Problem environment. In this research, we assume the simulation environment
shown in Figure 4, as the problem environment. The size of the problem environment is
1.8 × 1.8 [m] and it is surrounded by black walls with height of 25 [cm]. There are two
goal areas and one obstacle with size of 0.4× 0.4 [m] in the center.

Figure 4. Problem environment

The observation information is a set of web camera image and 12 values of the LiDAR.
We attached the web camera BUFFALO BSW200MBK to the front of the TurtleBot3
Burger robot with downward at 15 [deg] angle. It captures the field of view of 120 [deg] in
front of the robot. It captures color images of 1920×1080 [pixel] and we reduce the image
size into 48 × 27 [pixel]. Whereas, 12 values of the LiDAR are obtained from 360 [deg]
range measurement at 30 [deg] intervals. The LiDAR used in this research is ROBOTIS
LDS-01 as described in the previous section.

Using images from the web camera and the values from the LiDAR on the robot, we
aim to realize that the mobile acquires the behavior to reach the goal area while avoiding
the wall and obstacle.

6.2. Definition of state, action and reward. We implemented DQN-based method
using PyTorch deep learning framework and reinforcement learning library PFRL [14] by
Preferred Networks. As shown in Figure 1, the input values of DQN are state s which
consists of a camera image and 12 values of LiDAR in 12 directions. All input values are
normalized between 0 and 1. The camera image is an RGB image of size 48× 27 [pixel],
and the LiDAR values take a maximum value of 1 when the distance is 1.8 [m].

The input state s is decomposed into the camera image and LiDAR values. By con-
volution process and max-pooling process for the camera image, the feature maps are
obtained. Then, the values from the LiDAR are combined with the flatted feature maps.
Finally, the action values Q(s, a) for all candidate action a are computed through the
fully-connected layer.

The robot repeatedly selects one action from three candidate actions: a1: go straight,
a2: turn left, a3: turn right. One action step means one cycle from the observation of
state s to the execution of the selected action. By executing the action a1 (go straight),
the robot moves forward by 30 [mm]. By executing the action a2 (turn left) or a3 (turn
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right), the robot rotates by 0.28 [rad] counter-clockwise or clockwise while moving forward
by 40 [mm].
The reward rt is determined using the camera image and LiDAR values as follows:

rt =


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+1000 (in case the robot reaches the goal area)

+1 (in case the robot is away from walls and obstacle)

−1 (in case the robot is close to walls or obstacle)

−100 (in case the robot collides to walls or obstacle)

0 otherwise

(5)

6.3. Restart method in case of collision. During training, when the robot collides to
walls or obstacle, the robot stops at once and the robot executes the restart action. The
restart function is introduced that allows the robot to restart on its own, in order to save
time and effort to return the robot to the starting position.
The restart method is illustrated in Figure 5. When the robot collides to walls or ob-

stacle, it uses the LiDAR sensor to measure the distance between the robot and the
surrounding walls or obstacle. The robot rotates until it finds the shortest distance in
front of it, and then it moves backward. After that, the robot randomly rotates either in
clockwise or in counter-clockwise by 90 [deg]. If the LiDAR sensor indicates that the dis-
tance from the surrounding walls or obstacle is more than 5 [cm], the restart is completed.
Otherwise, the restart action is repeated.

Figure 5. Restart method in case of collision

6.4. Optimization targets of Bayesian optimization. The candidate parameters to
be optimized using the Bayesian optimization framework Optuna are shown below.

1) Combinations of convolutional layers and pooling layers in the network structure of
DQN (2 patterns)

2) The number of hidden layers and the number of units in the hidden layers of fully-
connected layers in the network structure of DQN (1∼3 layers)

3) Kind of the optimizer (Adagrad, Adadelta, Adam, RMSprop)
4) Batch size in mini-batch learning (8∼512)

7. Experiment. In the problem environment shown in Figure 4, the behavior learning
by DQN-based method consists of 8,000 action steps, with 16 episodes where 1 episode
which consists of 500 action steps. After learning, 5 evaluations (test runs) are conducted
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starting from the position shown in Figure 6. The first 2 episodes (1,000 action steps) are
for initial exploration, during which the robot does not learn and only collects the samples
of experience. After 16 episodes, it is evaluated by averaging the rewards obtained from
5 evaluations (test runs) performed with the same hyper-parameter values. The values of
hyper-parameters are updated using Optuna, and the behavior learning and the evaluation
are performed again to approach the optimal values of the hyper-parameters.

Figure 6. Starting position and direction in the test runs

We conducted 100 sets of experiments using Optuna described above in order to opti-
mize the hyper-parameters of the DQN. As a result by using Optuna, we could get the
combination of optimized hyper-parameters as shown below and the optimized network
structure as shown in Figure 7.

1) Combinations of convolutional layers and pooling layers in the network structure of
DQN (2 patterns)
→Optimization result: Pattern 2 (Figure 7)

2) The number of hidden layers and the number of units in the hidden layers of fully-
connected layers in the network structure of DQN (1∼3 layers)
→Optimization result: 1 layer, 50 units

3) Kind of the optimizer (Adagrad, Adadelta, Adam, RMSprop)
→Optimization result: Adagrad

4) Batch size in mini-batch learning (8∼512)
→Optimization result: 32

Figure 7. The network structure of DQN optimized by Optuna

Next, we conducted each 3 sets of simulation experiments by two optimization methods:
one is using the hyper-parameters optimized by Optuna and the other is using the hyper-
parameters manually optimized through preliminary experiments.

Table 1 shows the evaluation results of test run phase after the learning of 16 episodes
(8000 action steps). From Table 1, we can see that the hyper-parameters optimized by
Optuna enable the robot to reach the goal area with average of 4.00 times per 5 trials,
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Table 1. Evaluation results by two optimization methods (after the learn-
ing of 16 episodes)

Evaluation values
(Mean)

Num of steps
(Mean)

Num of goals
(Sum)

Num of collisions
(Sum)

Manual

1st 147.01 231.80 1.00 2.00
2nd 457.97 388.80 2.00 0.00
3rd 353.57 312.80 2.00 1.00

Mean 319.52 311.13 1.67 1.00

Optuna

1st 873.51 26.20 4.00 1.00
2nd 911.70 29.20 4.00 1.00
3rd 873.01 40.00 4.00 1.00

Mean 886.07 31.80 4.00 1.00
Manual→Optuna +566.55 −279.33 +2.33 ±0.00

while the hyper-parameters by manual optimization enable it to reach the goal area with
average of only 1.67 times per 5 trials. The number of action steps to reach the goal area
by Optuna optimization is much fewer (with −279.33 action steps) than that of manual
optimization.
The mean rewards of 3 sets experiments obtained during the behavior learning by

DQN-based method are illustrated in Figure 8. From Figure 8, we can see that using the
hyper-parameters optimized by Optuna, the agent obtained higher reward than those by
manual optimization after the 7th episode.

Figure 8. Change of the mean reward during behavior learning using the
hyper-parameters by two optimization methods (mean of 3 sets experi-
ments)

These results indicate that we can obtain high learning ability to reach the goal area
avoiding collisions with walls and obstacle by optimizing hyper-parameters using the
Bayesian optimization framework, Optuna.

8. Conclusions. In the simulation environment for the behavior acquisition problem
of the mobile robot to reach the goal area avoiding walls and obstacle, we succeeded
in optimizing both of the hyper-parameters and the network structure of the DQN, by
using Bayesian optimization framework, Optuna. Furthermore, we confirmed that the
hyper-parameters obtained by Optuna have higher learning ability than the empirically
optimized hyper-parameters manually, through the simulation experiments.
As future works, it is neccesary to accelerate the optimization process of the hyper-

parameters by Optuna in case the search space is quite large, because it takes long time
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to search the hyper-parameters by Optuna. Based on the evaluation values of behavior
learning using the hyper-parameters optimized by Optuna and the magnitude of the
effect of each parameter which is also provided by Optuna, we think it is possible to
determine the hyper-parameters that can be fixed in advance. Hence, it enables to reduce
the processing time by Optuna by focusing the exploration of the hyper-parameters which
have significant impact on the evaluation value. Moreover, we need to apply the obtained
values of hyper-parameters using Optuna in the simulation environment to the real robot
environment.
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